Investigators in large-scale population health studies face increasing difficulties in recruiting representative samples of participants. Nonparticipation, item nonresponse, and attrition, when follow-up is involved, often result in highly selected samples even in well-designed studies. We aimed to assess the potential value of multilevel regression and poststratification, a method previously used to successfully forecast US presidential election results, for addressing biases due to nonparticipation in the estimation of population descriptive quantities in large cohort studies. The investigation was performed as an extensive case study using baseline data (2013-2014) from a large national health survey of Australian males (Ten to Men: The Australian Longitudinal Study on Male Health). Analyses were performed in the open-source Bayesian computational package RStan. Results showed greater consistency and precision across population subsets of varying sizes when compared with estimates obtained using conventional survey sampling weights. Estimates for smaller population subsets exhibited a greater degree of shrinkage towards the national estimate. Multilevel regression and poststratification provides a promising analytical approach to addressing potential participation bias in the estimation of population descriptive quantities from large-scale health surveys and cohort studies. Investigators in large-scale population health surveys face increasing difficulties in recruiting representative samples of participants. The "gold standard" in survey research involves a well-documented sampling frame, followed by a carefully designed sampling process. Traditional analytical approaches are design-based, using weighting to adjust results to reflect the source or target population. Meeting this gold standard is difficult to accomplish in practice, however (1). Nonparticipation and item nonresponse, even in well-designed surveys, often result in highly selected survey samples. This is compounded in longitudinal studies, where attrition over time is also an issue.
Initially submitted July 12, 2017 ; accepted for publication March 26, 2018.
Investigators in large-scale population health studies face increasing difficulties in recruiting representative samples of participants. Nonparticipation, item nonresponse, and attrition, when follow-up is involved, often result in highly selected samples even in well-designed studies. We aimed to assess the potential value of multilevel regression and poststratification, a method previously used to successfully forecast US presidential election results, for addressing biases due to nonparticipation in the estimation of population descriptive quantities in large cohort studies. The investigation was performed as an extensive case study using baseline data (2013-2014) from a large national health survey of Australian males (Ten to Men: The Australian Longitudinal Study on Male Health). Analyses were performed in the open-source Bayesian computational package RStan. Results showed greater consistency and precision across population subsets of varying sizes when compared with estimates obtained using conventional survey sampling weights. Estimates for smaller population subsets exhibited a greater degree of shrinkage towards the national estimate. Multilevel regression and poststratification provides a promising analytical approach to addressing potential participation bias in the estimation of population descriptive quantities from large-scale health surveys and cohort studies. Investigators in large-scale population health surveys face increasing difficulties in recruiting representative samples of participants. The "gold standard" in survey research involves a well-documented sampling frame, followed by a carefully designed sampling process. Traditional analytical approaches are design-based, using weighting to adjust results to reflect the source or target population. Meeting this gold standard is difficult to accomplish in practice, however (1) . Nonparticipation and item nonresponse, even in well-designed surveys, often result in highly selected survey samples. This is compounded in longitudinal studies, where attrition over time is also an issue.
Keiding and Louis (1) contrasted the analytical practices of traditional survey statistics, where the primary aim is to generalize results obtained from a study sample to a target population, with those of epidemiologic studies, where the first priority is to verify the internal validity of inferences made in the study group. The authors argue that both the survey statistics community and the epidemiologic community need to consider the perils and potentials of self-selection, particularly in light of Web-based selfselected enrollment becoming increasingly attractive due to significantly lower costs and rapid accrual. They conclude that valid transportability of results from the study sample to the target population depends on measuring the principal attributes that are associated with both participation and outcomes, and then using these appropriately in a modern analytical approach that is both model-assisted and design-based.
One such analytical approach, known as multilevel regression and poststratification (MRP), was developed by Gelman and Little (2) and Park et al. (3) for estimation of public opinion using US national preelection polling data. Using a highly nonrepresentative sample of Xbox computer game users (Microsoft Corporation, Redmond, Washington), Wang et al. (4) showed the approach to be successful in forecasting the 2012 US presidential election result, leading to the suggestion that it may be possible to obtain valid population estimates from nonrepresentative polling not only for election forecasting but also in social research more generally.
The fundamental idea of MRP is to partition the population into a large number of cells based on combinations of various demographic attributes, use the sample to estimate the outcome of interest within each cell by fitting a multilevel regression model, and finally aggregate the cell-level estimates up to a populationlevel estimate by weighting each cell by its relative proportion in the population (4) . The key role of the multilevel regression model is to generate stable cell-level estimates through partial pooling, in which estimates for relatively sparse poststratification cells can be improved by "borrowing strength" from similar cells with richer data (4) .
Few researchers have reported on the use of MRP in the context of population health surveys. Zhang et al. (5) applied MRP for estimation of the prevalence of chronic obstructive pulmonary disease using Behavioral Risk Factor Surveillance System 2011 data, while Eke et al. (6) used MRP to predict rates of periodontitis from National Health and Nutrition Examination Survey 2009-2012 data. Both studies found MRP to be successful in producing small-area estimates of prevalence at state and local levels in the United States.
We were motivated by Wang et al. (4) to use MRP for producing accurate population estimates from a nonrepresentative sample. Our main objective was to assess the potential value of MRP for addressing participation bias in the estimation of population descriptive quantities, such as the mean value of a continuous measure or the prevalence of a dichotomous measure, in large cohort studies and to evaluate MRP relative to conventional methods of estimation, such as the use of sampling weights. We did not consider the estimation of measures of association between exposures and outcomes. We also aimed to investigate the sensitivity of MRP to: model specification, particularly increasing model complexity; the importance of interactions; and the choice of prior distributions for model parameters.
The investigation was performed as an extensive case study using the baseline wave of a large national health survey of Australian males, Ten to Men: The Australian Longitudinal Study on Male Health. This survey followed a well-designed sampling strategy, but a participation rate of about one-third implies considerable potential for bias in estimation and in any associated inferences made using this sample.
Motivating case study: Ten to Men
Ten to Men is an ongoing nationwide longitudinal study of Australian males aged 10-55 years. Baseline recruitment and data collection took place in 2013-2014. Wave 2 took place in 2015-2016. Wave 3 is currently planned for 2019-2020.
The study employs a stratified, multistage cluster sampling design, described elsewhere (7) (8) (9) . Stratification was defined according to the Australian Statistical Geographic Standards Remoteness Structure (10) to oversample males residing in regional (nonurban) areas. Three strata were specified: major cities, inner regional areas, and outer regional areas; remote and very remote areas were excluded. A 2-stage cluster sampling plan was implemented within each stratum, where clusters represented smaller geographical areas also defined by Australian Statistical Geographic Standards. All households in selected areas were included in the sample, and all male residents aged 10-55 years were invited to participate. All study materials were printed in English only.
Responses to the baseline survey were obtained from 15,988 males (n = 1,087 boys (ages 10-14 years); n = 1,017 young men (ages 15-17 years); and n = 13,884 adult men (ages 18-55 years)) recruited across all Australian states and territories. The participation fraction was 35%.
The population: 2011 Australian Census
The Australian Census of Population and Housing is conducted every 5 years. The most recent data available at the time of survey design were from the 2011 Census (11) . Customized population data are freely available on the Australian Bureau of Statistics website (http://www.abs.gov.au/).
METHODS
Below we describe the analytical approach for a single outcome measure Y, which may be continuously valued or binary, assuming that the target parameter of interest in either case is the mean value of Y in the population. Each individual, denoted by the index i, in the population belongs to one of j = 1, …, J poststratification cells, each of which is characterized by a unique set of covariates.
MRP step 1: multilevel regression
The multilevel regression model specifies a linear predictor for the mean μ j (or logit transform of the mean in the case of a binary outcome) in poststratification cell j:
where [ ] Y j i is the outcome measurement for respondent i in cell j, β 0 is the fixed intercept, X j is the unique covariate vector for cell j, β represents a vector of regression coefficients (fixed effects), and [ ] a l j k represents the varying coefficient (random effect), where l[ j] maps the cell index j to the corresponding index of category l of variable k for k = 1, …, K. All varying coefficients are exchangeable batches with independent normal (N) prior distributions: Three important health outcome measures were chosen for an initial application of MRP. Participation in physical activity at levels sufficient to confer a health benefit was defined according to the Active Australia Survey (12) as the accumulation of at least 150 minutes of activity over 1 week. Suicidal ideation was defined on the basis of a single item on the Patient Health Questionnaire (13) which asks, "Over the past 2 weeks, how often have you been bothered by thoughts that you would be better off dead, or of hurting yourself in some way?". This was scored 0 ("not at all"), 1 ("several days"), 2 ("a week or more"), or 3 ("nearly every day"), and respondents who scored 1 or more were deemed to be reporting suicidal ideation. Mental health was measured according to the Mental Component Summary of the Medical Outcomes Study 12-item Short-Form Health Survey (SF-12) (14) . Possible scores range from 0 to 100, with higher scores representing better mental health functioning. These outcome measures were applicable to adult participants only.
Potential poststratification factors that were measured consistently in both the Ten to Men baseline survey and the 2011 Australian Census included: demographic variables reflecting age, ethnicity, employment, and education; geographical information; and Australian Bureau of Statistics-derived Socio-Economic Indexes for Areas (SEIFA) deciles (15) . A full list is provided in Web Table 1 (available at https://academic.oup.com/aje).
Model specification and variable selection
Model selection was implemented separately for each of the 3 outcome measures. While a single model for all outcomes would be more useful in practice, this individually tailored approach was taken to ensure that the best set of poststratification factors was chosen in each case.
We began by fitting a simple nonnested model including the stratification factor (remoteness classification), the age group, and their interaction. Following the notation of Gelman and Hill (16) , this first model for a binary outcome is expressed as . Each batch of varying coefficients is given an independent prior distribution-for example, a m age ( σ ) N 0, age 2 . Next, since the interaction term for all 3 outcomes was found to explain minimal variance, it was removed, and the model was reparameterized with the effect of age group decomposed into a linear trend, represented by a fixed coefficient, and deviations from the linear trend, represented by varying coefficients.
Binary indigenous status was added to the model as a fixed effect, due to its being an important predictor of health outcomes and highly relevant to survey participation behavior. The remaining poststratification factors were considered for inclusion as varying coefficients using a forward stepwise selection approach. Finally, further interactions involving remoteness classification and/or age group were also considered.
The following diagnostic tools were used to guide variable selection: the magnitude of estimated variance components and varying coefficients relative to their standard errors, binned residual plots, and incremental changes to poststratification estimates. The final "best" model was chosen when the inclusion of any additional variables resulted in negligible changes to model fit and subsequent poststratification estimates.
Bayesian modeling
We performed Bayesian analyses using RStan (17) to obtain the posterior distributions of model parameters. We investigated a number of different prior distributions to evaluate the sensitivity of results to this choice, including: 1) unbounded uniform (the default in RStan); 2) bounded uniform (chosen to reflect plausible values for model parameters); and 3) weakly informative Cauchy (a broad peak at zero and long tails). These prior distributions reflect the recommendations of Gelman (18) and Gelman et al. (19) .
Samples from posterior distributions were generated using RStan's Hamiltonian Monte Carlo routines (17) , implemented with 4 chains, each with a minimum of 1,000 iterations, the first half of which were considered warm-up and disregarded. Convergence was judged to have occurred whenR (the potential scale reduction factor) was no greater than 1.1 for all model parameters (16) .
Only a small number of records had missing values for some variables. These were largely ignored, except for a small number of nominal variables (occupation, highest qualification) for which an additional "missing" response category was created.
Comparison with use of sampling weights National and statewide estimates obtained using MRP were compared with unweighted estimates and with estimates incorporating sampling weights. Unweighted estimates and 95% confidence intervals were calculated assuming a normal approximation for the sampling distributions of means and proportions, while weighted estimates were obtained using the "confint" and "svyciprop" commands in the survey package in R (R Foundation for Statistical Computing, Vienna, Austria) (20, 21) . Sampling weights were derived elsewhere (9) . Analysis code in R and mock sample and population data sets are provided in the accompanying Web material. Table 1 compares a selection of sociodemographic poststratification factors in the Ten to Men sample of adult participants with the 2011 Census population. A full summary of all poststratification factors is provided in Web Table 2 . The Ten to Men sample appeared slightly older, with a higher proportion of participants speaking only English, in a married or de facto committed relationship, and having achieved a higher educational qualification. The table also clearly shows the oversampling of regional areas. Table 1 also shows the unadjusted proportions of respondents reporting participation in sufficient physical activity and suicidal ideation, as well as the mean SF-12 Mental Component Summary score in the sample, according to levels of the selected poststratification factors. Valid responses for the 3 outcome measures were obtained for 12,457 (89.7%), 13,602 (98.0%), and 13,091 (94.3%) of the 13,884 adult participants, respectively. Table 2 shows the parameter estimates from the 4 models for participation in sufficient physical activity, which we describe in detail below. Results for the other 2 outcomes are shown in Web  Table 3 .
The simple model showed no evidence of an interaction between age group and remoteness classification (σ = × 0.04 remote age
; standard deviation (SD), 0.02). This was supported by the interaction plot of observed data (Figure 1 ). When the interaction term was removed, strong evidence of a decreasing linear trend in participation in sufficient physical activity with increasing age emerged. The fixed regression coefficient, on the log-odds scale, was estimated as −0.11 (SD, 0.02), corresponding to an odds ratio of 0.90 (95% confidence interval (CI): 0.86, 0.93) for each unit category change in age group. The reduction in the estimated scale parameter, σ age , from 0.33 (SD, 0.13) to 0.11 (SD, 0.07) indicated that the association with age could largely be explained by this linear trend. There was also some indication of increased participation in sufficient physical activity in major cities relative to regional areas, but this variance component was estimated imprecisely (σ = 0.32 remote ; SD, 0.66) due to there being only 3 remoteness classification levels.
In the intermediate model, there was some evidence of reduced participation in sufficient physical activity for persons of Aboriginal and/or Torres Strait Islander origin; the estimated association on the log-odds scale was −0.25 (SD, 0.12), corresponding to an odds ratio of 0.78 (95% CI: 0.62, 0.99). The SEIFA measure of education and occupation showed very strong evidence for an increasing linear association; the estimated association on the logodds scale was 0.11 (SD, 0.02), corresponding to an odds ratio of 1.12 (95% CI: 1.07, 1.16) for each unit change in SEIFA decile.
The final model included the additional variables of English fluency and occupation. There was some evidence of increased participation in sufficient physical activity for persons who spoke English only or who spoke another language and also spoke English very well in comparison with those who spoke another language and spoke English not well or not at all; however, with only 4 levels, this could not be estimated very precisely (σ = 0.65 Engfluency ; SD, 0.61). We nevertheless decided to retain English fluency in the model, as it was thought likely to represent a potential source of participation bias. The estimated scale parameter for occupation, σ occupation , was 0.30 (SD, 0.09). In Table 2 , MRP population estimates are reported at the national level and by state or territory for all 4 models. Based on the final MRP model, the estimated prevalence of participation This can be explained by the poststratification process adjusting the estimate upwards due to underrepresentation of the highest SEIFA education and occupation deciles in the Ten to Men sample relative to the Australian Capital Territory adult male population (Web Table 4 ). A similar pattern of results was observed for the Northern Territory. Figure 2A shows that the national population estimate obtained using MRP (65.2%, 95% CI: 64.2, 66.2) was slightly higher than the unweighted estimate (63.9%, 95% CI: 63.1, 64.8), which reflects an appropriate correction for the oversampling of regional areas, in which participation in sufficient physical activity was observed to be lower than in major cities.
MRP produced markedly more uniform and more precise estimates across population subsets of varying sizes when compared with estimates obtained using sampling weights. Two of the smallest Australian states or territories, Northern Territory and Tasmania, exhibited distinctly lower rates of participation in sufficient physical activity compared with the national estimate when calculated using the unweighted data (Northern Territory: 52.5% (95% CI: 39.5, 65.6); Tasmania: 58.3% (95% CI: 51.5, 65.0)). Estimates for these states remained relatively unchanged when incorporating the sampling weights, while under MRP, estimates exhibited considerable "shrinkage" towards the national estimate (Northern Territory: 62.3% (95% CI: 60.1, 64.4); Tasmania: 60.8% (95% CI: 59.4, 62.1)). The MRP estimates, particularly for the smaller states, also exhibited substantially increased precision, reflecting one of the main advantages of multilevel modeling.
One notable discrepancy between the weighted and MRP estimates was observed in Western Australia, where the weighted estimate (69.6%, 95% CI: 66.6, 72.6) was considerably higher than the unweighted estimate (66.5%, 95% CI: 64.1, 69.0), while the MRP estimate (65.7%, 95% CI: 64.7, 66.7) was slightly lower relative to the unweighted estimate. Post hoc investigation revealed a slightly larger difference in physical activity participation rates between major cities and regional areas in this state, which was appropriately accounted for in the weighted estimate but not using MRP. The addition of a state × remoteness interaction term to the final MRP model resulted in an estimate that was more consistent with the weighted estimate (67.8%, 95% CI: 65.3, 70.4) while still showing a degree of shrinkage towards the national estimate.
Figures 2B and 2C show a similar pattern of results for the other 2 outcome measures: suicidal ideation and SF-12 Mental Component Summary score.
Impact of prior distributions
Varying the assigned prior distributions had little impact on the estimated model parameters and the resulting poststratification estimates for all 3 outcome measures (see Web Figure 1 ). The more informative priors did, however, result in more precise posterior distributions for model parameters (smaller SDs), particularly for variables with fewer levels, such as remoteness classification (3 levels) and English fluency (4 levels) (see Web Table 5 ).
DISCUSSION
We applied MRP to 3 outcome measures from the baseline wave of the Ten to Men Study and demographic data from the 2011 Australian Census to generate estimates of population descriptive quantities and compared the results with those from conventional approaches that use sampling weights. The national population estimate for the prevalence of participation in sufficient physical activity obtained using MRP was slightly higher than the unweighted estimate, reflecting a correction for the oversampling of regional areas, where participation rates were lower than in major cities. Results also demonstrated greater consistency and increased precision across states of varying sizes when compared with estimates obtained using sampling weights. As expected, estimates for smaller states exhibited a greater degree of shrinkage towards the national estimate. A similar pattern of results was observed for analysis of data on suicidal ideation and SF-12 Mental Component Summary score, the results of which are available in the Web material.
A limitation of comparing MRP with the use of sampling weights is the lack of a "gold standard." We know neither the true population quantities that we are estimating nor the true sampling variability of any of the estimators considered. The two methods frequently produce similar point estimates, so our focus has been on comparing their precision. Our next step is to build on the existing knowledge of the performance of MRP gained from simulation studies in political science (22) (23) (24) by conducting our own simulation study to evaluate both the accuracy and precision of MRP versus sampling weights in the context of population health studies.
Making valid inferences from survey data requires us to assume that all variables that affect nonresponse and that are correlated with the outcome are included as covariates in the model (2) . The ability of multilevel modeling to adjust for a large number of variables through the use of varying coefficients makes this assumption more plausible. However, MRP can lead to a very large number of poststratification cells, many containing few or no population data. This sparseness is not an issue in itself, as population cell counts are simply used to weight cell-level estimates derived from the multilevel model. Problems may arise, however, when these cell-level estimates are imprecisely estimated based on too weak a model, resulting in poststratification estimates that are too variable. We observed no such problems in our case study of the Ten to Men cohort due to the large sample size and an adequate spread of survey responses.
Another important consideration when applying MRP is that it requires access to detailed data for the target populationspecifically, population totals for the cross-classification of all variables included in the multilevel model. We were able to access adequate population data from the most recent Australian Census, although we were limited to information captured by both the Ten to Men survey and the Census, which was predominantly sociodemographic variables.
While much of the MRP procedure is fairly straightforward (4), the model selection process required great care. Additionally, our decision to tailor model selection specifically to each outcome measure was very time-consuming. A single, unified set of covariates (and interactions) incorporating all important poststratification factors that can be used as a common basis for models of all outcomes of interest is therefore appealing; however, the impact of an increasingly fine partitioning of the population across a very large number of poststratification cells would need to be investigated. While the choice and number of poststratification factors to be included in a single model would require careful consideration, the a priori specification would remove some of the difficulties and subjectivity of the model selection process experienced here. No interactions were included in the final model for any of the 3 outcome measures. It is this absence of interactions that results, at least in part, in the dramatic increase in precision for MRP estimates in the smaller regions of the Northern Territory and Australian Capital Territory, as it is assumed that the relationship between the poststratification variables and the outcome measure is the same in these regions as in the rest of the country. While some interaction terms were investigated, very few had any noticeable impact on the poststratification estimates in the analysis of this study, with the exception of the state × remoteness interaction, which produced a more plausible estimate for participation in sufficient physical activity in Western Australia. In addition, the smaller regions had few data with which to detect important interactions, and those involving variables with many levels resulted in a very large number of parameters to be estimated, making interpretation difficult. We need to recognize here the classic trade-off between bias and variance: Potentially oversimplified model assumptions may lead to bias while reducing variance of estimation. However, the available data are insufficient to meaningfully test the model, leaving the inevitable element of subjective judgment in deciding on the preferred approach.
Most research on the performance of MRP has been done in the US political polling and/or social research context, where it has been demonstrated that it is often important to include good group-level (state-level) predictors (22, 24) . No state-level predictors were considered in this analysis, for several reasons. Firstly, the survey did not collect any state-level data, and when considering data from external sources, there were no clear candidates for inclusion. Secondly, our primary aim was obtaining accurate estimates for the population as a whole, with less emphasis on statelevel prediction. Lastly, in contrast to the United States, Australia has considerably fewer geographical regions (only 8 states and territories as compared with the 50 US states); therefore, it seemed unlikely that the benefit of state-level predictors would be as compelling in this context. To our knowledge, however, this was the first application of MRP to Australian health survey data, so the utility of group-level predictors in this setting warrants further investigation.
All analyses ignored the hierarchical structure inherent in the sample, specifically the multistage clustering of participants within households within small geographical areas. Sensitivity analyses incorporating the hierarchical sampling structure into the simple model for participation in sufficient physical activity showed no substantial change to model parameters (data not shown).
The results of this case study indicate that MRP provides a promising analytical approach to addressing potential participation bias in the estimation of population descriptive quantities from large-scale health surveys and cohort studies. We look forward to extensions to longitudinal data and formally evaluating MRP in terms of both accuracy and precision through simulation studies.
